Pre-formulation studies constitute the first phase of any product development and involve a battery of tests to determine the physical, chemical, mechanical and biological characteristics of a substance. A comprehensive library of this pertinent information provides a valuable resource in the subsequent optimization and processing steps which in turn, ensures product quality. However, the extensive volume of characterization tests and the wide range of expensive equipment required for these tests make it tedious and costly to perform pre-formulation tests.
Pre-formulation studies constitute the first phase of any product development and involve a battery of tests to determine the physical, chemical, mechanical and biological characteristics of a substance. A comprehensive library of this pertinent information provides a valuable resource in the subsequent optimization and processing steps which in turn, ensures product quality. However, the extensive volume of characterization tests and the wide range of expensive equipment required for these tests make it tedious and costly to perform pre-formulation tests.
Pharmaceutical processes are often dictated by complex interactions between the formulation, processing and environmental factors. As these changes occur simultaneously, it is very difficult to quantify or determine the effects of individual factors using one-at-a-time approaches. In view of the difficulties and shortcomings associated with conventional methods of material characterization, pre-formulation tools are developed. In particular, tools that can evaluate the effects of the individual components or serve as performance predictors are extremely valuable.
Modern computational techniques have been widely utilized in the fields of neuroscience, computing, socio-economic studies and psychotherapeutics. On the contrary, their uses in the pharmaceutical sciences have been few and far between. It was only in recent years that computational methods were more increasingly applied in pharmaceutical research. One of the most popular approach involves artificial neural networks (ANN) which is a training system employed to recognize patterns in data sets. In pre-formulation studies, ANN has been used to determine and predict the physicochemical properties of amorphous polymers. 1) When used in combination with data clustering, ANN was able to achieve an objective grouping of several grades of microcrystalline celluloses (MCC) and identify the most important physical property governing their rheological behaviors.
2) With this grouping, there is greater flexibility for manufacturers when it comes to the choice of MCC, one of the most indispensable excipient in extrusion-spheronisation.
Multidimensional scaling (MDS) is a technique that involves the analysis of similarity or dissimilarity between a given set of factors or objects.
3) Every factor will be represented as a point in the geometric space and the distance between points are indicative of the differences between them. In short, it provides a visual representation of the distribution of various factors or parameters in a two-dimensional space. Although MDS was initially developed for the field of computational and statistical studies, it was subsequently employed in diverse disciplines including socio-epidemiology, psychotherapy and biological sciences to analyze patterns and trends that would otherwise be too time-consuming or difficult to perform using existing methods.
Despite its advantages and benefits, pharmaceutical applications of MDS have been lacking. In fact, it was only reported by Barr et al. 4) recently as a means to analyze and sort X-ray diffractograms into related clusters which can be further characterized to identify the polymorphs present. Other approaches for matching and sorting X-ray diffractograms include the use of specialized computer softwares which employ both parametric and non-parametric statistics. Compared to these methods, MDS was able to overcome problems that arose from using peaks or representative peaks in the diffractogram. 4) This allows a more accurate way of clustering and matching of unknown diffractograms with the existing ones in the database.
The above work illustrates the usefulness of MDS. It also highlights the importance of harnessing the potential of this technique to expedite and facilitate many processes in the pharmaceutical industry. This current work seeks to demonstrate the applicability of MDS as a pre-formulation tool in the grouping of pharmaceutical excipients, in particular, MCC which is available in many grades from different sources using their torque rheological profiles. Rheological profiles of wetted masses containing MCC have been reported to be related to the performance of MCC in extrusionspheronisation [5] [6] [7] and were thus chosen for data modeling and clustering in this current study. Additionally, the influence of physicochemical properties of MCC on the rheological properties of their wetted masses has been reported in earlier studies.
Experimental
Materials A total of 14 MCC grades were evaluated in this study, including 3 additional MCC grades that were added to the 11 MCCs used previously. Methods. Physical Characterization Particle size (X), bulk (r b ) and tapped (r t ) densities, % crystallinity (X cr ), micromeritic parameters (V low P , V high P , V total and e) and extrusion-spheronisation parameters (W s and W 710 mm ) were determined according to the methods described by Heng and Koo. 8) Physical properties of 11 MCC grades (Avicel PH 101, PH 102, PH 301, PH 302, Ceolus KG 801, Celex 101, Emcocel 50 M, Prosolv 50 M, Viva Pur 101, Pharmacel 101 and Pharmacel 102) were previously determined and reproduced here in part for ease of comparison. They were presented along with those of the 3 MCC grades determined in this current study (Table 1) .
Rheological Profiles of MCC Grades Rheological profiles of the 3 additional MCCs were determined according to the methods described by Soh et al.
2) Fifteen grams of MCC powder were added into the mixer bowl of the mixer torque rheometer (MTR, Caleva Process Solutions, Dorset, U.K.) and mixed for 30 s. The mean torque generated by the dry powder was recorded. Water amounting to 75, 90, 100, 110, 125, 130, 150, 150, 175, 180, 190, 200 and 220% w/w of MCC powder were added as a bolus dose to the dry powder. All the water was evenly distributed throughout the dry powder while the blades turned. The total mixing time was 46 min for all the MCCs and respective torque values were logged at regular intervals. Triplicates were performed for each MCC at all the mixing time and water additions tested. Their torque rheological profiles were presented in Fig. 1 .
Data Classification Using ANN A radial basis function (RBF) network with 20 hidden neurons (Fig. 2 ) was employed to model all the MCCs where the input layer consists of mixing time and water : MCC ratio (x 1 , x 2 ) and the output is torque value. Compared to other network topologies, the RBF network was found to have better scaling properties. 9) A detailed description of the RBF network used for data clustering was reported previously.
2) For our given data set of 260 data points, 20 hidden layers were deemed to be sufficient for data modeling.
Sampling data of 14 MCCs were fed into the ANN to test the mean square errors (MSE). The MSE values range from 0 to 1 and (Table 2 ) denoted the degree of dissimilarity between any pair of MCC tested. They were used in the subsequent data clustering step that was performed to bring about the grouping. An MSE value of 0 indicates that the MCCs are exactly the same. All the parameters used for the ANN and data clustering have been detailed by Soh et al.
2) Briefly, the membership value of every input vector (MCC) will be calculated based on the transfer function stipulated by the RBF network.
2)
The input threshold value (IT) refers to the minimum membership value to decide if an input vector (MCC) can be assigned into any existing group. A given MCC grade will be assigned into an existing group if its membership value is lower than the IT value and vice versa. The IT value ranges from 0 to 1. The stringency of this grouping criterion can be regulated by adjusting the IT values. When ITϭ1, the MCC grades must be exactly the same before they can be clustered together, therefore all the 14 MCCs will end up individually in 14 different groups at this IT value. Conversely, ITϭ0 meant that even MCC grades which are entirely different will still be grouped together. In this case, the MCC grades would not be differentiable. Hence, these 2 extreme values are not useful or practical in achieving an objective grouping of the MCC grades. In view of these considerations, the IT value for Level One stringency (more stringent) was set at 0.9. It was reduced to 0.8 for Level Two.
Multidimensional Scaling (MDS) MDS begins with a distance matrix R of K data vectors {X 1 , …, X K } and generates a set of corresponding vectors {Y 1 , …, Y K } in a 2D or 3D space. 10, 11) In the projection procedure, the difference between the two distance matrices is measured by a distortion function E(r). The relative positions among vectors will be preserved by minimizing the error function. MDS algorithm can be implemented in the following steps:
Step 1: Distance of data vectors in the feature space is calculated using the following equation.
Step 2: A dissimilarity (similarity) matrix is constructed as follows using the MSE values from the RBF network.
(2)
Step 3: A non-negative function known as distortion function, E(r), is defined and minimized according to Eq. 3. (3) where r ij ϭ||Y i ϪY j || is the distance in the target space, Y∈R 2 or R 3 and R is a real number. 
Results and Discussion
Visual Comparison of the MCC Grades Using MDS Using the MDS visualization algorithm, the clustering results in 2D space, with and without PH 301 and PH 302, were presented in Fig. 3 . Clearly, the 2 high density MCCs, PH 301 and PH 302, were distinctly different from the other MCCs (Fig. 3a) . Hence, compared to them, the other 12 grades of MCC seemed to be alike as shown by their extensive overlapping in the 2D space (Fig. 3a) . However, the differences between the remaining 12 MCC grades were better illustrated when these 2 MCCs were excluded from the same 2D space (Fig. 3b) . Figure 3b shows the high degree of similarity between Comprecel M101, Comprecel M102, Pharmacel 101 and Pharmacel 102 and Viva Pur. Similarly, Emcocel and Prosolv are grouped together based on their close relative proximity. On the other hand, Ceolus KG 802 was comparatively further apart from PH 102 and Ceolus KG 801, thus they were initially placed in separate groups under Level One stringency as shown in the following section (Table 3) . A relaxation in the stringency of the clustering parameters to Level Two resulted in the assignment of Ceolus KG 802 into the group with the 2 abovementioned MCCs, as well as Celex. This observation reflected the allowance conferred to the stringency of the clustering parameters. In the case of PH 101, it was deemed to be too far apart from the other MCCs to be assigned into any existing groups.
Grouping of MCC Grades Using ANN and Data Clustering The 3 additional MCC grades were assigned into 2 of the existing groups after their rheological data were added to the previous data set used in the training of the neural network and data clustering (Table 3) .
Under Level One, Ceolus KG 802 was grouped separately from Ceolus KG 801. When the stringency level was reduced to Level Two, they were grouped together. This observation indicated that these 2 MCC grades were not exactly equivalent in terms of their interaction with water, despite their supposed close similarity. Close inspection of their physical properties (Table 1) revealed that Ceolus KG 802 was of a larger mean particle size and denser than Ceolus KG 801 (ANOVA, pϽ0.05) although both MCCs can be regarded as the more porous grades among the 14 MCCs studied. Furthermore, the slightly lower W 710 mm and W s values of Ceolus KG 802 (ANOVA, pϽ0.05) indicated that less water was required to produce spheroids of 710 mm and it was comparatively less sensitive to changes in water content. This decreased sensitivity was also reflected in the broader contour lines on its contour plot, especially at higher water : MCC ratios (Fig. 1) which meant that the wetted mass was able to maintain the same consistency over a wider range of water : MCC ratios.
Physical characteristics of M101 and M102 did not reveal many notable differences except in their mean particle size, Table 1 ). The coarser of the 2 grades, M102, was found to be denser and relatively less sensitive to changes in water content. In addition, it required a smaller amount of water to make pellets of 710 mm size. These disparities in their physical properties did not result in a marked difference in their rheological profiles and their subsequent grouping.
For both M101 and M102, they were grouped together with the Pharmacel MCCs and Viva Pur. Within this group, no clear relationship or similarities between their physical characteristics could be observed. Their assigned grouping could be attributed to the combined effects from the interplay between their unique set of physical properties that result in their equivalent rheological profiles when moistened. In other words, the contributions from the individual property were balanced out, producing similarities in the rheological profiles obtained.
Particle size was not found to have an effect on the rheological profiles of the moistened MCC mass as indicated by M101 and its large particle size counterpart, M102 which were assigned into the same group, regardless of the stringency of clustering. This observation corroborated with the grouping results for Pharmacel 101 and Pharmacel 102.
Conclusion
The utility and value of MDS as a pre-formulation tool in the grouping of an expanded range of MCC grades was exemplified in this study. On its own, MDS provided a rapid visual comparison between the wide varieties of MCCs grades. However, its potential can be better harnessed when used in combination with other computational techniques. Our pro- posed pre-formulation tool which incorporates ANN, data clustering and MDS, was capable of assigning newly introduced or unknown MCCs into existing groups based on their torque rheological properties. The latter, was in turn, governed by the unique interactions between their physical properties. The sensitivity of this system was demonstrated by the different grouping result for Ceolus KG 802 when the levels of stringency for clustering were changed slightly even though their differences were believed to be minimal.
Other advantages of this pre-formulation tool include its simplicity of usage and flexibility in the type of data set used. By subjecting MCC grades to varying degrees of moisture, the rheological profiles of their wetted masses were able to reflect their differences and enabled their assignment into groups where the members possessed equivalent and comparable water-MCC interaction. This signifies a possible prediction of their performance in processes such as extrusionspheronisation and confers flexibility or interchangeability in the selection of MCC grades without having to perform a laborious set of actual trial formulation studies. In addition to torque rheological profiles, other parameters or characteristics can also be used to group the MCC grades. This feature will undoubtedly be of great value to pharmaceutical sciences, especially in the field of pre-formulation. 
